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ABSTRACT

Grapheme-to-phoneme (G2P) conversion is a very important
component in a Text-to-Speech (TTS) system. Determining the
pronunciation of polyphone characters is the main problem that
the G2P component in a Mandarin TTS system faces. By
studying the distribution of polyphones and their characteristics
in a large text corpus with corrected pinyin transcriptions, this
paper points out that correct G2P conversion for 41 key
polyphones and 22 key polyphonic multi-syllabic words will
constrain the overall error rate to below 0.068%. In this paper, the
Extended Stochastic Complexity based stochastic decision list is
used to learn rules for G2P conversion for these key polyphones
and polyphonic words. With the generated rules, the error rate for
G2P conversion decreased from 0.88% to 0.44%. Tagging corpus
with correct pinyin for training and testing rules is a labor
consuming and time consuming task. This paper also proposes a
semi-automatic approach to do this, which saves almost half of
the workload.

1. INTRODUCTION

Grapheme-to-phoneme conversion is an important component in
TTS systems. In most of the alphabetic languages such as English,
the main problem G2P module faces is to generate pronunciations
for words that are out of vocabulary (OOV). Many approaches for
letter-to-phoneme conversion have been proposed [1][2][3][4].
However, unlike the OOV problem in Western languages, the
difficulty in Chinese G2P conversion is to pick out one correct
pronunciation from several candidates for all polyphones. This is
still not a well-solved problem. The commonly used method in
most Mandarin TTS systems is to list as many as possible the
words with polyphonic characters into a dictionary [5][6].
Pronunciations for all these words are also listed in the dictionary
and they are verified manually. During online G2P conversion,
pronunciations are first looking up in the dictionary. When they
are not found in the dictionary, the most frequently used
pronunciation is chosen. Thus, monosyllabic words, which are
polyphones, are often assigned with wrong pronunciations. It is
necessary to generate pronunciation rules for these polyphonic
monosyllabic words. Summarizing pronunciation rules is a very
difficult and time-consuming task for human experts.
Furthermore, it is much more difficult to evaluate the validity of
these rules. In this paper, the Extended Stochastic Complexity
(ESC) based stochastic decision list is used to learn pronunciation
rules reliably and efficiently.

The algorithm for generating pronunciation rules with ESC-base
stochastic decision list is introduced in Section 2. Section 3
describes the experiments and the results. Final discussion is
given in Section 4.

2. ALGORITHM

Since the pronunciation for most polyphonic characters and
words can be decided from their contexts, pronunciation
determination for these characters and words is very similar to the
problem of automatic text classification. In this paper, the ESC-
based stochastic decision list method [7], which has been used to
classify text documents successfully, is used to automatically
generate pronunciation rules for polyphonic characters and words.

2.1 ESC-based stochastic decision lists

The ESC-based stochastic decision list was proposed by H. Li etc
[7]. They have successfully used it in text classification. The
main idea of the algorithm is to create a stochastic decision list
according to the principle of minimizing ESC [9]. The decision
list consists of IF-THEN rules and every rule includes conditions,
the result and the probability for correct decision. Since G2P
conversion for polyphones can also be treated as a problem of
classification, the method is extended to the task of generating
pronunciation rules for polyphones in this paper.

We are looking for rules to classify a polyphonic character/word
into one of its possible pronunciations, represented by phoneme
strings, according to its context. To simplify the problem, we
assume that the pronunciation of a polyphone depends only on its
nearby context, i.e. words within the same clause. This
assumption is applicable for most cases. Then each clause d ,
containing a target polyphone, is represented by (by, by, ..., b) 2>
Cm. by is a Boolean variable. It takes value 1 if d contains feature
w;. Otherwise, it takes value 0. w; is a feature word that plays an
important role in classifying the target polyphone. C;, represents
the adopted pronunciation for the target polyphone in clause d.
Rules for a specific pronunciation Cy, are to be constructed with
conditions on presence or absence of certain feature words. In
theory, all the words appearing in clauses containing a target
polyphone should be considered as candidates for selecting
feature words. However, that will require extremely heavy
computation load. Thus, in practice, only the most important K
feature words are considered. In our case, feature words are only
selected from the left and right adjacent words of the target
polyphone. The learning for rules is carried out in three steps:
feature selection, growing rules and pruning rules.

2.2 Feature Selection

A word is considered as a feature word when its presence or
absence gives more information than others. The amount of
information is measured in term of Stochastic Complexity
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For a data sequence (dy, ¢;), (dz, Cy), ..., (Am, Cm), 0 denotes the ith
clause containing a target polyphone and C; denotes the
pronunciation of the polyphone in this clause. €"=¢;Cy...Cp, M is
the number of the sentences of the data sequence. Then SC of c™
can be calculated with equation (1).
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where m' is the number of clauses whose ¢ is 1 in ¢™. When 1 >
z>0, H(2) =-zlog(z)—(1-2)log(1-2); when z= 0 or z= 1,
H(2=0. Log means natural logarithm in this paper.

Let C™ denotes the clause set, in which all clauses contain word

W. m,, is the size C™ . Then SC of C™ can be calculated with
equation (2).
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where m,," is the number of clauses whose ¢; is 1 in c™.

Let C™" denotes the clause set, in which all clauses do not
contain word w, and m,, is size of it. Then the SC of it can be
calculated with equation (3).
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where m,,” is the number of clauses whose ¢ is 1 in C .

Then the information gain caused by presence of word W can be
calculated by (4).

ASC(W) = %(SC(cm)—(SC(c"“ )+ SC(e™)) 4)

A large 4 SC(w) means word w is an important feature for the
target polyphone. Thus, any word, which results 4 SC(w) larger
than a preset threshold, is selected as a feature word.

2.3 Growing Rules

Within a set of selected feature words, any combination of the
presence or absence the left context word or right context words
forms a rule candidate. A rule candidate is valid only when it has
at least one corresponding instance in the training set. In the
growing stage, only the set of rules, who will result the minimum
ESC in the training set, are kept.

Let C™ be the clause set, which satisfy a candidate rule t. my is
the size of C™. Let C™ represent the clause set, which don’t
satisfy the candidate rule t. m is the size of ¢™. Then the ESC of
c", C™ and C™ can be calculated with equation (5) — (7).

ESC (c™) = Loss(c™)+ A4mlog m , %)
ESC (c™) = Loss (c™) + A4/m, log m, , 6)
ESC (c™ )= Loss(c™ )+ Am_ logm_, . @)

Loss(*) is the number of clauses who take non-default type. The
second item denotes the length of code for describing the model.

A is a positive constant and is used to balance the contribution of
loss function and length of model.

Then, ESC decrease of c™ caused by the rule t can be calculated
by (8).

AESC (t) = ESC (c™) - ESC (¢™) - ESC (c™)
= {Loss(C™) - Loss (C™) - Loss (C™)}
+ {l(\/mlog m — \/ml log m, — \/m_[ log m_, )}

If rule t results a positive 4 ESC(t), it is kept for next step.
Otherwise, it is deleted from the rule list.
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2.4 Pruningthe Rules

During the growing stage, each rule is the best choice at the time
it was selected, which means that it is the best, comparing with
those haven’t been processed. Thus, the whole set of the selected
rules do not guarantee the minimum ESC for the whole training
set. Some of the rules at the end of the rule list are to be pruned to
get the minimum ESC.

The ESC of training set c™ and decision list A can be calculated
with (9).

ESC(c™: A)= ESC(c™ / A)+ AL(A) = ¥ ESC(c™ )+ AL(A) (9)

L(A) is the model description length [10] and can be calculated as
follows:

L(A) =log| T |+log(|T | -1) +log(]T |-2) +---log(|T | -i +1), (10)

where [T | is the number of rules in rule set A and i is a variable
between 1 and [T |.

Let A and A’ represents the decision list before and after pruning
the last rule. The condition for stopping is:

ESC(c™ | A)—ESC(C™ | A) = A (L(A) - L(A)). (12)

The A 'isa constant, which is used to balance the contribution of
the components at each side of the inequation. The smaller the A

is, the less the rules will be pruned. When it is set to 0, no rule
will be deleted.

3. ANALYSIS, EXPERIMENT AND EVALUATION

3.1 Selection of key polyphones and polyphonic words

After investigating over a 2M-character corpus with correct
pinyin transcription annotated, we find several useful
characteristics for polyphones in Mandarin.

First, the number of polyphones is large and it is related to the
character set used. 830 out of 6763 Chinese characters in
“GB2312-80”, which is the most important Chinese character set,
have more than one pronunciation. And 1036 polyphones are
listed in “Modern Chinese Dictionary” [11].

Second, great discrepancy exists among the usage frequencies for
these polyphones. In our 2 million characters corpus, polyphones
that are left as monosyllabic words after word segmentation



account for 8.95% of the whole text'. If all of them are set to their
most frequently used pronunciation, the overall error rate for G2P
conversion for the corpus is 0.88%. Furthermore, the cumulative
frequency of the top-100 frequently used polyphones account for
more than 90% of the overall appearance of all polyphones. And
the cumulative frequency of the top-180 polyphones account for
more than 95% of all. It’s obvious that these 180 high frequency
polyphones are the most important ones.
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Figure 1: The cumulative frequency of polyphones sorted by their
usage frequency.

Third, several pronunciations for a polyphone are not equally
used by people. Most polyphones have a dominating
pronunciation. For example, the dominating pronunciation (dé
and 1¢) of “ ” (de¢, di, di) and “ ” (l¢, lido) account for more
than 99% usage of them. These polyphones are less important.
However, there are some polyphones, such as “ 7 (wéi, wei)
and “ 7 (chang, zhang), who have no significant dominating
pronunciations. They are the key polyphones that should be
processed carefully.

Considering the above factors, we generate a list of key
polyphones from the top 180 ones with the constraints that the
usage frequency of their dominating pronunciation should be
smaller than 95%. Only 41 polyphones are left in the list. With
the same constraint, 22 polyphonic multi-syllabic words are
selected from 580 candidates. If all these key characters and
words are processed correctly, the error rate G2P conversion of
the 2-M character corpus will be only 0.068%.

3.2 Corpustagging

In order to get stable rules, sufficient data are indispensable.
According to the analysis of the last section, we only aim at
creating rules for those key polyphones and key polyphonic
words. For other polyphones and other polyphonic words, their
dominating pronunciations are used in G2P conversion.

Since there is no corpus with pinyin transcriptions available, we
do the transcription by ourselves. First, all the polyphones and
polyphonic words in a corpus abstracted from “People’s daily”,
denoted as Corpusl, are transcribed. There are more than 2
million characters in Corpusl. The statistical analysis in Section
3.1 is done over this corpus. Then, a set of clauses for each key
polyphone and polyphonic word are transcribed. There are at
least 8000 clauses in each set. These clause sets are denoted as
Corpus2.
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(de, di, di)” is not included. Though it is used frequently, it
seldom takes other pronunciations except “dé”.

Pinyin transcription for text corpus is a labor and time consuming
task. A semi-automatic approach is used in our transcription.
After transcribing Corpusl, a set of stable rules are generated
from it. Then, part of the new sentences can be transcribed with
these rules automatically. Only those which can not be processed
automatically are reviewed manually. The rule sets are adapted
regularly when the new transcribed data increase to a certain
amount. When the size of the rule set increases, the portion of
automatically transcribed sentences increased too. After finishing
Corpus2, we find that the semi-auto method saves about half of
the working load.

3.3 Therelation between the effectiveness of rules and
the size of training corpus.

The effectiveness of the rules is related to the size of the training
corpus. This is illustrated by an experiment on the polyphone
“ 7. The training set increases gradually from 1000 to 30000
sentences and the testing set is 1680 sentences disjointed from the
training set. Figure 3 shows the results. Between 5000 and 20000,
the more the training corpus is, the higher the correct rate is.
When the size of training set exceeded 20000, the correct rate
increases very slowly. So, when we select corpus for those key
polyphones, we must be sure that the training set must be more
than certain threshold, in our project, 8000 sentences.
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Figure 2: The relation between effectiveness of rules and amount
of training corpus.

3.4 Therelation between the effectiveness of rules and
the domain of the training cor pus.

To investigate the influence of the domain of training set on the
effectiveness of rules, experiment 2 is carried out. In this
experiment, two sub-training set is formed according to their
sources: newspaper and novel. Each contains 6000 sentences.
Two domain dependent testing sets are formed accordingly. Table
1 shows the results. It’s obvious that the correct rates are higher
when the training and testing set are from the same domains.
However, the mismatch of domain causes significant drops in
correct rates.

From this experiment, we learn that if we want to get stable
pronunciation rules that are effective in more fields, we must
have a training set with wide coverage.

Table 1: The correct rates for matching and mismatching
conditions.

W
T

raining Set

Novel Newspaper




83.2%
78.7%

71.9%
83.7%

Novel

Newspaper

3.5 Creatingrules

After we have prepared enough data according to the principles
mentioned above, we can create rules for those 41 key
polyphones and 22 key polyphonic words. In order to minimize
the influence of the source of corpus, we divide all training
corpus into three parts and use 2/3 of the corpus as training set
and the other 1/3 as testing set in turn. Then we can get three sets
of rules. Only those rules that appear in all three sets are used.

According to our testing result with 41 key polyphones, the
average correct rate is increased from 81.2% to 94.3% after using
the final rules. More than half of these polyphones obtained 10%
higher correct rates than before. Some polyphones aren’t
improved obviously, because their high-frequency pronunciation
rates are already very high (higher than 90%). Only six
polyphones’ correct rates are still lower than 90%. This is
because that their original correct rates are very low (between
37% and 66%). All these show that the pronunciation rules
generated with ESC-based method are very useful. Because of
limitation of length of paper, we only list out a part of results in
table 2. After using rules, the average correct rate of polyphonic
words is also increased from 84.8% to 92.2% and part of the
testing results are listed in table 3. When testing the rule sets
with continue text, 0.44% error rate is obtained for the G2P
conversion. Comparing with the error rate (0.88%) when no rules
are used, 50% error reduction is achieved.

Table 2: Testing result of some polyphones.

Polyphone Hig_]h—fre Lo_w—f_re _Hig_h—fre Correct
pinyin pinyin [pinyin rate| Rate

chuén zhuan 88.2% 98.7%

zht zht 73.6% 99.0%

chu cht 76.4% 97.9%

shao shao 83.4% 96.9%

iian iian 96.9% 99.2%

weli wei 53.7% 83.3%

zana céna 56.2% 86.2%

Table 3: Testing result of some polyphonic words.

Polyphonic | High-fre | Low-fre High-fre |Correct
word pinyin pinyin [pinyin rate| rate
hé ji hé ji 85.4% 97.8%

stn zi san zZT 71.2% 93.3%

chao yang| zhao yang 51.0% 81.6%

di fang di fang 68.9% 83.1%

dé le dé liao 83.9% 93.1%

4. DISCUSSION

According to the testing result, ESC-based decision list is very
effective for generating rules for those polyphones and
polyphonic words and increase the correct rate to 94.3% and
92.2% from 81.2% and 84.8% respectively. 50% error reduction
is achieved for the G2P conversion module in Mandarin TTS
system.

For further improvement, we can consider the following factors:

The feature words we use at the time is only the left adjacent
word and the right adjacent word, while the further words and
information of part of speech are not used. However, sometimes
they are useful, especially for some propositions and auxiliary
words, e.g. , , etc. For some other polyphones such as
“ 7 “ ” one of their pronunciations only appear in person
name. It would be very helpful if we can exactly detect peoples’
name or other entities’ names.
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